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Abstract

In this paper, the detection of response patterns aberrant from the
Rasch model is considered. For this purpose, a new person fit
index, recently developed by Molenaar, and an iterative estimation
procedure are used in a simulation stuay of Rasch model data mixed
with aberrant data. Three kinds of aberrant response behavior are
considered: guessing to complete the test, guessing in accordance
with the three-parameter logistic model, and responding with
different abilities on different subsecs of items. The power in
detecting such aberrants is evaluated in two cases: item
difficulties known, and item difficulties estimated from data
including aberrants. The rasults reveal that in the latter case,
the estimates of the model parameters are biased and the power of
the index, as a consequence, s reduced. It is shown that using an
iterative procedure, the recovery of the poser of the index to the
level obtained by known item difficulties is achieved. Furthermore,
dependent on the type of aberrance, a considerable reduction of the
bias in the model parameters is possible. Finally, it is confirmed
that this new index allows us to detect aberrant response patterns

with better statistical properties than former person fit indices.
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Introduction

In applications of the Rasch model (RM) it is often assumed that
the data may contain response patterns from a minority of persons
whose response behavyior is aberrant. In such the case aberrants'
response patterns should be detected and then treated separately
because mostly the estimates of the aberrants' true ability are not
appropriate, or at least, lezs reliable. Further, the removal of
aberrants from the data might result in a reduction of the bias in
the estimates of the model parameters.

The decision which person is of which behasior can only be taken
on the base of his/her response pattern. In order to detect
aberrant response patterns, various indices have been proposed
{e.g., Drasgow, Levine & Williams, 1985; Molenaar & Hoijtink, 1987;
Smith, 1985, 1986; Tatsuoka, 1984; Trabin & Wefss, 1983; Wright &
Stone, 1979, chap.4, chap.7;). For a review of the indices and
their application, see Kogut (1986). Usually, aberrant response
patterns in the data are detected by comparing the value of a given
person fit index with the 100*a-th percentile of its distribution
under the RM. In such decision processes, the probability of
misclassifying a RM-behaving person as aberrant will be equal
to a.

Until recently, the indices in the RM were calculated
conditionally on a fixed ability level. Now it is clear that such
conditioning forces one to compare a given response pattern with

all possible patterns of which many must have totally different

ability estimates (Hoijtink, 1986; Molenaar & Hoijtink, 1987). In
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contrast, conditioning on the tota) score tn the RM limits the
possible comparisons of a given pattern only to those for which
this ccnditioning is appropriate (all these patterns have the same
ability estimate). In adaition, when conditioning on a fixed
apility level, the distribution of patterns depends on the ability
level. When conditioning on a total score, however, the
distribution of patterns is ind2pendent of the ability; thus, a
given pattern can be handled irrespective of the ability level it
was obtained at.

So ter, decisions about the fit of a given pattern to the model
were made under the too optimistic supposition that the index
distribution could be approximated by a normal distribution. Now,
it 1s also evident that a more accurate approximation of the exact
distribution of the index is needed. To realize these two
recommendations, a new index based on conditioning on the total
score, together with a more accurate approximation of its
distribution have been proposed (Hoijtink, 1986; Molenaar &
Hoijtink, 1987).

The object of this paper is to evaluate the power of Molenaar's
new ind2x in detecting persons of aberrant behavior. For this
purpose, a simulation study was conducted. Three kinds of possibly
aberrant response behaviors from the RM were considered: guessing
to complete the test, guessing in accordance with the tiree-
parameter logistic model, and responding with two different
abilities on two different subsets of items. The detection of the

aberrants was carried out in two different ways: 1) the generated

item difficulties of the RM were known, for instance, from a
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calibration study, and 2) the item difficulties were estimated from
data containing some aberrants. In the latter case, the evaluation
of the power of the Molenaar's index was carried out with the help

of an iterative estimation procedure proposed in Kogut (1986).

Furthermore, a comparison of the power of Mole«sar's and Levine's

index (Drasgow, Levine & Williams, 1985) was made.
Method

In this study, person “it to the /™ is assessed using the
previously mentioned Molenaar index (Hoijtink, 1986; Molenaar &

Hoijtink, 1987), i.e.,

3 X, .
P(x {r) =L g {exp(-p.)} i
Yr i=1

vaere b; is the difficulty of item i, r =_§1 x1 is the total scove
for a pattern §=(X1,...,X ) on a test wit;-k items, and y_ is the
basic symmetric function of order r (Fischer, 1974). The value of
the P(X|r) inde. for a given pattern is equal to the probability of
the pattern in the RM given its total score (Fischer, 1974). This
implies that {f for a given pattern, the value of the P(X|r) index
is very low, then this pattern is very improbable for a RM-behaving
person. Therefore, if the index value is lower than a fixed percen-
tile of the P(X|r) distribution for the RM, the proper decision is
to consider ihe pattern as aberrant.

The fixed percentile for the distribution of P(X[r) {ndex is

rather a complicate function of the item difficulties because of
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the nature of the vr's. If the item difficulties are known, the
percentile can be calculated with the help of a complete
enumeration of the (exact) distribution of the index. As this
enumeration requires (:) calculations for a given r, and 2K-2
calcuiations for all r=l,...,k~1, it can be used only for small
values of k. If there are mény jtems, it {s more convenient to use
the 100*a-th percentile of an appropriate chi-square approximation
to the index distribution (Molenaar & Hoijtink, 1987). Another
possibility is to estimate the percentile from a sample
distribution of RM patterns.

If the item difficulties are unknown and have to be estimated
from data including aberrant response patterns, tnen a new
impediment may arise. Due to the presence of aberrants, the
estimates of the item difficulties usually are biased, and so are
values of the P(Xir) index and the 100*a-th percentile. To remove
the bias, an iterative;strategy is proposed where each iteration
consists of an approximation of the 100*az-th percentile, the
decision which patterns are aberrant, and the actual removal of

these patterns from the data, respectively.

Generation of Data

In order to evaluate the power of the P(X|r) index in detecting
persons of an aberrant behavior, a simulation study was conducted.
Both RM data and data containing aberrant response patterns were
generated.

The RM data were composed of 2500 response patterns generated

according to tne RM for a test of 20 items. The item difficulties
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and the distribution of ability were taken from cases already
studied by Hoijtink (1986). The item difficulties were placed
symmetrically around zero with more density in the neigbourhood of
zero (namely: +0.11, +0.32, $0.54, ¢0.77, +1.02, +1.28, +1.58,
+1.92, +2.35, +3.00). The distribution of ab{lity was normal,
N(0.0, 1.53). Such values for the item difficulties and this
distribution of ability can be met when a test is specially
designed for the group of homogeneous persons.

The aberrart response data consisted of 500 patterns generated
to get a specific aberrance from the RM. Three kinds of possibly
aberrant response behavior were considered: guessing to complete
the test, guessing in accordance with the three-parameter logistic
model, and responding with two different abilities by the same
person on two different subsets of items.

Guessing to complete the test occurs when a person responds to |
some items at random, whereas his/her responses to the rest of the
items are according to the RM. This deviation from R4 response
behavior is often observable with persons of low ability on the
most difficult items. However, in tests with a time limit there
might Le no connection with the person's ability and/or the item
difficulties. For simulation purposes, two extreme subset of items
-tne five most difficult and the five easiest- were selected from
the item difficulties. Besides, in order to simulate aberrance of
this kind, in particular for persons of low atility, three normal
distributions of ability were selected: N(m, 1.53), where m=0.0,
-1.0 and -2.0. On the selected subsets of items the responses were

generated with a constant probability of a correct response equal
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to 0.2, 0.25 and 0.5; in other words, guessing at random on
msltiple-choice items with five, four and two alternatives was
simulated. On the rest of the items, responses according to the RM
were generated. So, in all, eighteen data sets were generated,
where each data set inCluded 500 aberrant patterns of the type
considered here.

Next, guessing in accordance with the three-parameter logistic
(3PL) model was simulated. In applications of IRT models to data ‘
from multiple-choice tests, the 3Pl model is supposed to handle
guessing behavior on difficult items fur persons of low ability
more adequately. The only difference between the 3PL model and the
RM is that tre probability of the correct response for person v to
item i, P 4, now is a function of three item parameters {difficulty

b;, discrimination a;, and pseudo-guessing parameter ci). More

io
precisely,

l-ci

l+exp[-1.7a, (6 -0, )]

Pvi(e) = c. + » V=l a0e,n; §=1,000,K;

i
where ai’O, DicR and 0 <c1<1 ¢re the parameters characterizing item
i in the 3PL model (in the RM we have ;=0 and a;=1 for all
i=1,...,k). In order to simulate a more involved type of guessing
behavior, for all items the parameters of the 3PL modc) were
intentionally fixed at the following values: all discrimination
parameters were set equal to one, the difficulty parameters were
set at the same level as in the RM, and the pseudo-guessing
parameters «t one of the values 0.2, 0.25 and 0.5. The response

patterns were generated again using the above three different

i1




Detecting Aberrants
8

distributions of ability: N(m, 1.53) with m=0.0,-1.0 and -2.0. So,
nine data sets were generated, each consisting of 500 response
patterns according to the 3PL model.

Finally, if a person responds with a varying ability to
different items, his/her response behavior must be seen as aberrant
from the RM as well. This aberrance is of frequent occurence for
persons with cultural and educational retardation or with certain
misconceptions. This phenomenon may also occurs if someone copies
from a neighbour, or if certain item order by person interactions
arise (e.g., a slow stariup and sleepness). In this study, the case
of a person displaying two distinct abiiities on two different
subsets of items was also simulated. As in the case of guessing to
complete, the subsets of items were the five easiest and the five
mos. difficult. The ability distribution of aberrants was the same
as in the RM data, i.e., N(0.0, 1.53). On each of the subsets the
abilities were lowered about 1 or 2 logits in comparison with the
abilities on the rest of the items. Nevertheless, on both subsets
the respunses were generated according to the RM. So, four data

sets, each consisting of 500 aberrant patterns, were used.

Approximation of the 100*a-th Percentile of the Index

To approximate the 100*a-th percentile of P(X[r), RM patterns
were sampled because of a large number (20) of items considered.
The approximation was carried out using the following three steps:
(1) RM patterns were sampled using estimates of the item

difficulties and the person abilities to get at least 200

patterns for each total score r, r=i,...,19;

navd
[q¥)
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{2) the index values for the RM patterns sampled in (1) were
calculated Then, these values were collected and ordered per
total score group (for each separate total score r, from the
lowest, V;, to the highest, v"r' index value);

(3) the 100%a-th percentiie for the distributians of the index

sampled in (2) were approximated by value of V[ for

*
a nr+1]
each’ total score r.

The Power of the Index in Detecting Aberrants

For each generated data set, the value of the P{X|r) index was
compared with the estimates of the 5%-th percentile. If the index
value was lower than the estimate of this percentile, the obi.rved
pattern was classified as aberrant. This implies that the
percentages of the RM-generated patterns misclassified as aberrant
were expected 10 b about 5% , both for each total score separateiy
and across total scores.

a) Item Difficulties Known from a Calibration Study

In applications of the RM we can possibly deal with cases where
the item difficultie. are known (for instance, from a careful
calibraticn study). Accordingly, such a case was considered in this
paper. To evaluate the power of the P(X|r) fndex in such the case,
estimates of the item difficulties and the abilities were
calculated from the RM data only by the conditional maximum

Vikelihood method as imolemented in the PML algorithm (Gustafsson,

1981). Further, the thre2 steps to get an approximation of the

5%-th percentile of the index were carried out. Finally, the values

of the P(X|r) index for the RM and the aberrant patterns were
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calculated, and the decisions about aberrance were made with the
help of the approximate percentiles.

b) Item Difficulties Estimated from Data Including Aberrants

On the other hand, in applications of the RM we have to dea!l
with cases where the item difficulties are unknown and have to bde
estimated from data containing aberrant response patterns.
Therefore in this study the item difficulties and abilities were
also estimate¢ from RM data mixed with data from aberrants. Having
thece estimates, the power of the index was evaluated as in the
previous case. However, here the whole procedure was carried out
iteratively. This means that after the detection of ahterrant
patterns, they were removed from the data and the procedure was

repeated until new aberrant patterns were no longer found.

In order to compare the power of the P(X[r) index (conditioning
on the total score) with the power of the former {ndices
conditional on a fixed ability level, the ILy index was used
(Drasgow, Levine & Williams, 1985):

_LpE (L0|e)
o e’
var™'® (Lyle)

where

1-X
1
V}’

- k - Xv'I -
Ly = log P(X|e) = log{igl Puile) (1P .(e))

and h(L0|;). Va'(LOI;) are the conditional expected value and

variance of Ly, respectively. Note that the ZL, index is tne
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standardized version of ip, the origin of P(X{r). Working with the
ZL index, the standard normal approximation was used if a decision
about aberrance had to be made. When the obtained value of ZL,
index was smaller than -1.96, the observed pattern was Classified

as aberrant.

Results

Guessing to Complete the Test

The r '1ts for the mean power of the P(X|r) index in detecting
aberrance, are for the case of known item difficulties, presented
in Table 1, Colomn 3. These results are indicative of the
percentages of aberrants detected correctly with the P(X|r) fndex
over the three groups of aberrants with a normal distribution of
ability. As is clear from Table 1, the mean power of the P(X|r)
{ndex depends to a high degree on the probability of guessing, on
the mean ability of the aberrants, and on the item difficulties of

the guessed items.

Insert Table 1 about here

In the case of the five most difficult items, tne mean power to
detect Quessing to complete increases with the probability of

guessing and decreases with the mean ability of the guessers. In

=t
a
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contrast, for the five easiest items, the mean power decreases with
the probability of guessing and increases with the mean ability of
the guessers.

Actually, such results are to be expected if we notice the
inconsistency between the abercant apd RM patterns. For instance,
guessing at random on five items with the probability of guessing
equal to 0.2 results in 0, 1 or 2 correct responses with the
cumulative binomial probability about 0.94. The same cumulative
probability with the guessing constant 0.5 will be odtaired for 1,
2, 3 and 4 correct responses. For guessers, these predictions are
independent of the ability and the item difficulties of the {tems
the person Quesses on. However, for a RM-behaving person, the
probability of the correct responses depends to a high degree on
his/her ability and on the item difficulties. To clear this
question up, let us consider the item characteristic curves (ICC's)
of the RM at a fixed ability level. In the case of five difficult
items it holds that the lower the ability of a RM-behaving person,
the higher the probability of incorrect responses on all of these
items. Therefore, the inconsistency between possibly random and RM
respdnses will increase with the probability of guessing but
decrease with the ability. In turn, with increasing inconsistency,
the power to detect aberrance will rise. This dependency, i.e, the
power as a function of apility for the probability of guessing
equal to 0.25, is ilustrated in Figure 3 (see below). In the case
of five easy items, even a RM-behaving person of relatively low
ability should response correctly on some of these items.

Therefore, the inconsistency and the power will decrease with the
b}

L VY
(op]



Detecting Aberrants

13

probability of guessing but increase with the ability of person.
For this case and for the probability of guessing equal to 0.25,
the power as a function of ability is ilustrated in Figure 1. If
such a function is known, conclusions about the mean power over the

group (as the values presented in Table 1) can be drawn.

The comparison between the mean power of the P(X|r) and ZL
indices (Colomns 3 and 4 of Table 1, respectively) clearly
indicates the superiority of the P(X|r) index, irrespective of the
conditions under which the power is evaluated. This confirms that
conditioning on the total score and using the given approximation
of the 100*az-th percentile of the index results in more effective
detection o aberrants. In addition, when using the P(X|r) index,
unlike ZLO, it is also possible to obtain a constant Type I error.
Namely, for the P(X|r) index, the type I error was 4.88% over the
group of all RM patterns and about 5%, with larger random
deviations, for each total score group separately. For ZLO, this
‘error was 2.20% on the average but 0.0% for the extreme and about
3.5% for the middle total score group. Thus, the ILy index is more

conservative in detecting aberrants.

The power of the P(X|r) index for the case of the item
difficulties estimated from data containing aberrants - thus when
the iterative procedure was used - is given in Figure 1. Here the
ability distribution of aberrants was the same as for the RM data,
i.e., normal N(0.0, 1.53). Besides, aberrants responded at random

with the probability of guesssing equal to 0.25 on the subset of

i
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the five easiest items. It should be reminded that in the case of
known item difficulties, the mean power was 72.0% (see Table 1) and
the power was a rapidly increasing function of ability (see Figure

1, Graph o).

Insert Figure 1 about here

Note that at a broad range of high abilities the power to detect
this aberrance was nearly 100% . When using estimates of the item
difficulties based on the data containing all aberrants the power
is significantly lower. Nevertheless, after the first two
iterations a considerabdle improvement of the detection of aberrants
was obtained. Note also that the power converged almost
monotonically to the power for the case of known item difficulties;
however, the type 1 error after the third iteration was a little
larger (5.94%) than for the case of known item difficulties
(4.88%).

The bias in the estimates of the item difficulties due to the
presence of about 20% aderrants is, for the four subsequent

iterations, given in Figure 2. At the first iteration,

Insert Figure 2 about here
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thus before any aberrants were removed, the PML estimates of the
item difficulties had been systematically biased. From Figure 2 the
large overestimation of difficulties of the items the averrants
guessed on and the underestimation of the higher item difficulties
{s obvious. When the item difficulty approached the extremes of the
difficulty scale, over- and underestimation increased (to about 13
and about 3 times their standard errors, respectively). Using the
iterative procedure, a large part of the bias was reduced. A very
significant reduction of bias in the estimates of item difficulties
was obtained after the first two iterations. Although subsequent
iterations still reduced the bias for the guessed {tems, at the
same time, they introduced an another bias in the opposite
direction (to be seen at the right extreme of the difficulty
scale). This new bias is due to the removal of the RM patterns that
were misclassified as aberrant {Type I error). Besides, it might be
due to the aberrant patterns still remaining in the data because of
a too small inconsistency to be detected by the P(§|r) index (lack
of power of the index).

On the other hand, the presence of about 20% aberrants affects
the estimates of the abilities in a similar way. The low abilities
were overestimated whereas the high abilities were underestimated.
Here, however, the bias changed monotunically and was much lower
than the standard errors of the ability estimates (to avbout 39% and
about 22% of the standard errors at the extremes of the ability
scale). Using the iterative procedure a reduction of the bias in
the estimates of abilities was possible as well. The maximal

reduction of bias was obtained after two iterations. In the

i3
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subsequent iterations the bias increused.

Let us now consider the event of aberrants of low ability
guessing at random on the five most difficult items. Here the
abflity distributicn of aberrants was normal N(-2.0, 1.53), and as
in the previous case, the probability of guesssing was equal to
N,25. It should be reminded that in the case of known item
difficulties, the mean power for the P(X|r) index was 37.6% (see
Table 1), and the power was a decreasing function of ability (see

Figure 3, Graph e). From Figure 3 it is also evident

Insert Figure 3 about here

that detecting this kind of aberrance with 100% certainly was not
possible, even not for persons of a very low ability. On the other
hand, using estimates of the item difficulties obtained from the
data containing all aberrants did not reduce the power of the index
sfignificantly. These results are thus in contrast with those for
the five easiest items. However, the former level of the power from
the case of known item difficulties was almost reached when the
{terative procedure was used, after the second itr ation.

The bias in the estimates of the item difficulties in question

was in general smaller (see Figure 4).
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Insert Figure 4 about here

Almost complete reduction of the bias on the guessed items was
observed after the second iteration. Also, the optimal reduction of
bias over all items qas obtained after two iterations. The next
iterations introduced another bias of the opposite direction, in
particular for the items with difficulties at the left extreme of

the scale (as can be seen in Figure 4).

Guessing in Accordance with the 3PL Model

For the case of known item difficulties, the mean power of
the P(X|r) index to detect guessing in accordance with the 3pL

mcdel is shown in Table 2, It can be Seen that the mean power

Insert Table 2 about here

of the P(X|r) index increased with the pseudo-guessing parameter
and decreased with the mean ability. These results can be expected
{f we notice the inconsistency between patternc obtained in the 3PL
model and in the RM. For this purpose, concider the ICC's for the

3PL and the RM for the ability level fixed 2t 6. The differences
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between these ICC's increase with the difficulty of the items,
particularly for items with a difficulty on the right side

of 6. For these items, a 3PL pattern tends to contain more correct
responses than a RM pattern. If a person's ability is much below
the difficulty of the easiest item, the 3PL pattern still might
contain a certain number of correct responses placed at random over
the ftems. So, detecting this aberrance for a person of very low
abflity wil) be easy, whereas for a person of very high ability it
may be almost impossible (see Figure 5 for this dependency).
Obviously, with increasing pseudo-guessing parameter values, the
differences between the 3PL and RM patterns tend to be larger;
hence, the detection of this aberrance should be improved.

The power of the P(X|r) index for item difficulties estimated
from data including aberrant patterns is shown in Figure 5. Here
the {terative procedure was applied as well. The ability
distribution of the aberrants was N(-2.0, 1.53) and the pseudo-
guessing parameters were set equal to 0.25 (see Table 2 for the
mean power in this case). As it can be seen from Figure 5, a

considerable improvement of the power in detecting aberrants was

Insert Figure 5 about here

obtained after the first iteration unly. These results correspond

to the case of known item difficulties. The next iterations showed
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a little increase in power but at the cost of increasing the Type 1
error (about 5.98% after the third {teration).
The bias in the estimates of the item difficulties due to the

presence of the aberrants is shown in Figure 6.

Insert Figure 6 about here

The presence of 500 aberrant patterns resulted in overestimation of
the easy item difficulties and underestimation of the difficult
items. This bias changed uniformly and was maximal at the extremes
of the difficulty scale (about 5 times the standard errors). After
the first iteration, most items had difficulty estimates within
their standard errors. Subsequent iterations intrcduced a bias in
the opposite direction; however, this was only observable for a few
}tems of extreme difficulty.

Responding with Two Different Abilities on Different Subsets of

Items
The mean power of the P(X|r) index to detect aberrance of this

kind, for the case of known item dificulties, is given in Table 3.

Insert Table 3 about here
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Notice that in this case, for a mean abiiity of guessers equal to
0.0, the P(X{r) index had much less power than in the case of
guessing to complete the test, implying that this type of aberrance
is more difficult to detect by the P(X|r) index. In order to
axplain this, let us consider the ICC's in the RM, {n particular
for these items on which the aberrance occurred. For the case of
five easy items, if an aberrant's ability (i.e., the one on the
rest of items) corresponds to the difficulty of the items in
question, then the larger the difference between the two abilities,
the larger the modifications in the response pattern compared with
the expected RM pattern. This is why such an aberrant person can be
detected. If an aberrant's ability differs much from the
difficulties of the five easy items, then less modifications in the
pattern can be expected; thus, such a person will be more difficult
to detect (this dependency can be seen in Figure 7; however, for
very high abilities only). Now, let us consider the subset of the
five difficult items. If an aberrant's ability is below the
difficulties of these items, then the response pattern should
contain fewer inconsistencies. Therefore, the percentages of
detected aberrants will be below supposed 5% (see Table 3).

The power of the P(xlr) index for item difficulties estimated
from data 1néluding aberrant patterns is shown in Figure 7. Here
the ability distridbution of aberrants was N{0.0, 1.53) and the
aberrants had a ability lowered by 2.0 logits on the five easiest
items compared to the ability on the rest of the items, As it is

shown in Figure 7,
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Insert Figure 7 about here

a small but uniform improvement of the power to detect aberrants
correctly can be observed for the first two iterations. Here it
also seems that the power is converging monotonically to the one
for the case of known item difficulties.

The pias in the estimates of the item difficulties due to the

presence of the aberrants is shown in Figure 8.

Insert Figure 8 about here

Again over- and underestimation of the item difficulties were
observed at the first iteration, i.e, when all aberrant patterns
were present in the data. The overestimation occured on the items
on which there was aberrance, and underestimation on the rest of
items. It is remarkable that on both subsets, the bias on the items
was more uniform than the one in the case of guessing to complete.
When using the iterative procedure the optimal reduction of bias
seemed to be obtained after the second or third iteration, but this
reduction was not fully satisfactory.

It can be expected that other indices, specially developed for
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the aim to detect this type of aberrance {e.g., the unweighted
between fit index by Smith, 1985) will be more efficient. The cost
of this will then, of course, be a reduced power to detect other

types of aberrance (Smith, 1985,1986).

Discussion

The results of this simulation study show that i- appplications
of the Rasch model to test data the P(X|r) index is more successful
in detecting aberrant reponse patterns than the formerly more
popular ZL0 index. Namely, more power in the detection and a
preassigned Type I error is obtained. This confirms the expected
advantages with respect t) conditioning on the total score (instead
of on a fixed ability) a..d the use of a more accurate approximation
to the exact distribution of the index (instead of a normal
approximation).

Further, the dependency of the power of the index on ability has
been seen to vary according to the kind of aberrance. For guessing
on easy items to complete the test, the power is a rapidly
increasing function of ability, but for guessing on difficuit items
as well as for gue>sing in accordance with the 3PL model it is a
decreasing function. However, for responding with two different
abilities by the same person on tw. different subsets of items no
clear deperdency could be observed.

If item difficulties are unknown and have to be estimated from
data containing aberrant response patterns, then, {n general, the

power of the P(X[r) index is reduced. The results show that using
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the iterative procedure, the previous level of the power is
recove. .d within a few “terations. This is, however, at the cost of
a small increment in the Type I error. For these reasons, the use

of the iterative proce” -e can be recommended if the detection of

aberrants is a problem of interest. In such cases only a few
iterations should be used.

Finally, due to the presence of aberrant patterns in the data,
estimates of the item difficulties might be very biased dependent
on the <ind of aberrance. If the aberrance occurs on the whole
test, the use of two or three iterations of the procedure generally
results in a satisfactory reduction of the bias. If the aderrance
occurs on a few {tems only, the resultz are questionable and not so
satisfactory because of remaining bias. This final bias is due to
the removal of the RM patterns misclassified as aberrant. Besides,
it might be also due to the presence of aberrant patterns left in
the data that could rot be detected by the index. So, if there is
no other wdy to estimate the {tem difficulties, the use of the
iterative procedure with only a few iterations is recommended.
However, one should take into account that some bias may remain in

the estimates.

)
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content of the paper is however fully his own responsibility.



Detecting Aberrants
27

L Tadle 1
: Mean power of P(X|r) and ZLj in detecting

guessing to complete the test

Mean Ability  Probabflity Power  (in %)

, of Gucssers* of Guessing P(X|r) (I

On Five Most Difficult Items

0.0 0.20 13.6 8.0
0.25 16.8 11.6
0.50 42.0 33.4
-1.0 0.20 21.0 12.6
0.25 25.6 15.8
0.50 55.6 47.2
-2.0 0.20 31.6 18.8
0.25 37.6 2.6
0.50 69.2 60.8
On Five Most Easy Items
0.0 0.20 76.2 63.9
0.25 72.0 60.8
0.50 48.0 41.2
«1.0 0.20 57.6 42.6
0.25 52.6 39.2
0.50 30.8 23.0
-2.0 0.20 38.2 22.8
0.25 33.2 21.0
0.50 17.2 11.4

* Ability of guessers is N(m, 1.53), where m=0.0,
«1.0 and -2.0.
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Table 2
Mean power of P(X|r) in detecting
quessing in accordance with 3PL model

Mean Ability  Pseudo-guessing  Power of P(X|r)

of Guessers* in 3PL (in %)
0.0 0.20 17.9
0.25 22.8

0.50 32.6

-1.0 0.20 27.9
0.25 N3

0.50 45.5

-2.0 0.20 39.0
0.25 45.6

0.50 62.5

* Abflity of guessers is N(m, 1.53), where m=0.0,
-1.0 and -2.0.
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Table 3
Mean power of P(X[r) in detecting
two different abilities on different subsets of items

Difference in Abilities* Power of P(Xir)
(in %)

On Five Most Difficult Items

-1.0 1.8
-2.0 1.0

On Five Most Easy Items

-1.0 13.8
-2.0 33.0

*Ability on the five items subset is lower than
ability on the rest of items; (ability of guessers
is N(0.0, 1.53) ).
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Figure 1. Power of P(X|r) in detecting guessing to complete on
the five most easy items (probability of guessing
is 0.25, abflity of guessers is N(0.0, 1.53)).
Note. Difficulties of guessed ftems are marked with +.
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Figure 2.

Difficulty
Bias in estimates of item difficulties by guessing to
complete on the five most easy items (probability of
guessing is 0.25, ability of guessers is N(0.0, 1.53)).
(See Figure 1 for explanation of symbols).
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Figure 3.

Ability (Difficulty)

Power of P(Xir) in detecting guessing to complete on the
five most difficult items (probability of guessing is
0.25, ability of guessers is N{-2.0, 1.53)).

(See Figure 1 for explanation of symbols).

2




Detecting Aberrants

3
0-5"' ”’10
:::'\ ,‘d’
X~ o
~ I ~r
0.0% PE » ‘.t
*’5 4F ‘Eif}kqp 1;1;56L‘£4r 1i%=‘; 1;
o------o-“,o_
-0.5¢
-1.04, + + — + —+ -
4 ¢ 4 ¢ 4
-3 -2 -1 0 1 2 3
Difficulty
Figure 4. Bias in estimates of item difficulties by guessing to

complete on the five most difficult items (probability of
guessing is 0.25, ability of guessers is N{-2.0, 1.53)).
(See Figure 1 for explanation of symbols).
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Figure 5.
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Ability (Difficulty)

Power of P(X|r) in detecting guessing in accordance with
the 3PL model (pseudo-guessing parameters are 0.25,
ability of guessers is N(-2.0, 1.53)).

(See Figure 1 for explanation of symbols).
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accordance with the 3PL model (pseudo-guessing parameters
are 0.25, ability of guessers is N(-2.0, 1.53)).
(See Figure 1 for explanation of symbols).
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Figure 7. Power of P(Xir) in detecting two different abilities on
two different subsets of items (ability on the five most
easy items is 2.0 lower, abflity of aberrants is
N{0.0, 1.53)).

(See Figure 1 for explanation of symbols).
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-Figure 8. Bias in estimates of item difficulties by two different

abilities on different subsets of ftems (ability on the
five most easy items is 2.0 lower, ability of aberrants
is N(0.0, 1.53)).

(See Figure 1 for explanation of symbols).
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